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ABSTRACT

In this paper a parallel implementation of a learning
process for the two main non recurrent neural networks
will be presented: Multilayer Perceptron (MLP) and
Self-Organising Map of Kohonen (SOM). They will be
integrated in just one system used for isolated word
recognition task, speaker independent, with a restricted
vocabulary, made up of the ten spanish words for the
decimal digits. The implementation was carried out on a
distributed memory multiprocessor system with a
synchronous message passing communication network.,
A detailed explanation about the computational tasks
distribution and the subsequent communication
requirements will be given. In addition, several
experiments with different numbers of processors were
made in order to study both the granularity and the
overhead due to the processors communication. In this
way, we obtained the speedup curve showing the load
balance and efficiency.

1. INTRODUCTION

The main goal of the proposed system is the pattern
recognition, whose inputs correspond to a set of speech
signal features vectors. Bach of these vectors derives
from a previous processing phase applied to the original
speech signal; this produces a vector of 128 components
that holds time and frequency information [1]{2]. In our
case, the speech signal comes from the ten spanish
digits, pronounced by several speakers, male and
female. In summary, the system will try to recognise
isolated words, speaker independent with a restricted
vocabulary (see figure 1).
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Figure 1: System functional diagram
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There are a lot of classifier systems described in the
literature, many of them are based on neural networks
paradigms. A good description of these can be found in
[31[4]. In particular, two of the most used in the last
decade are the MLP and SOM, since they both have a
good behaviour as classifier systems when their inputs
consist on a set of static patterns. In previous wotks
[2][5], we have tested each one of the neural networks
and obtained success ratios from 90% to 93%. So in
order to improve these values, we propose an approach
that combines SOM and MLP as illustrated in figure 2.
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Figure 2: Functional diagram of the
proposed system

As we can see, the SOM is the primary pattern
recognition system, whose outputs will be the MLP
inputs. Under that configuration, the SOM is the
features classifier indeed while the MLP operates as a
self organising features maps recogniser. Hence, this
hybrid system is not complex from a conceptual point of
view; however, there are many parameters that need to
be calculated, specially the weights of neurons. This is
known as learning (or training) process and requires a
large amount of CPU time.

In general terms, for problems which are
computationally intensive, there is a growing interest for
parallel computers that can reduce the execution time.
The success of an efficient parallel implementation
depends of course on balanced distribution of the
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application tasks over the available processors [6]. Now
it is important to realise that the computational models
introduced by the neural networks theory match quite
well the parallelism paradigm. In effect, many authors
speak about "the inherent parallelism” in a given neural
network, that can be understood as a number of cellular
automata (neurons) working in parallel [7].

In order to accelerate the training execution related to a
certain neural network, several approaches can be used.
General speaking, there are two classes: hardware
emulation and hardware implementation, also called
neurohardware [7]. The last one is usually a specific
purpose hardware that acts as co-processor of a host
computer. There is a number of laboratory prototypes
and some of them have been presented as commercial
products. Nevertheless, these products are very
expensive; yet the main disadvantage is their specific
application scope, even within the neural network
environment. Such lack of generality is due to the
variety of new architectures and computational
paradigms that are being introduced every day.

On the other hand, the hardware emulation is based on
a general purpose multiprocessor platform. They are
cheaper and more versatile than the neurohardware
machines. In some cases, their implementation can even
be faster because there is no specific neurohardware for
a particular neural network. In the university
environment and in some industrial applications, the
multiprocessor systems based on the transputer are
popular, since this processor can provide good
versatility, scalability and performance versus price
ratios. This was the reason to choose a transputer system
as our working platform (hardware and software tools)

[4].

More precisely, the parallel processing was
implemented on a T800 transputer network. Of the four
physical links each transputer comes with, only two of
them are used to build a ring topology. Finally, in order
to complete the working platform description, it should
be necessary to speak about the current programming
model. Since we want to optimise the hardware
capabilities, we have used OCCAM, which allows us to
express the parallelism in a patural way. OCCAM is
based on CSP (Communicating Sequential Processes)
predicates [8][9]. In summary, the working platform
will be a distributed memory system multiprocessor,
under a synchronous message passing model [10].

2. THE GLOBAL TASK DISTRIBUTION

The proposed system (figure 2) can be viewed as a
sequence of two components: SOM and MLP, so that
each one will be an independent application program.
Since the learning process takes a substantial amount of
CPU time to complete, it is not reasonable to have it
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running on line. Therefore, the SOM training process
will be the first to be executed, after which MLP will
follow. The connection between both applications will
be made by a common file where the SOM will store the
outputs and from which the MLP will take the inputs.

2.1. SOM training

The architecture of SOM can be seen in figure 3. It has
a bidimensional disposition with a rectangular
neighbourhood criterion following the model given in
[112].
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Figure 3: SOM architecture.

As it is well known, the algorithm consists on a non
supervised learning process, in which, the final
computation condition can be chosen in several ways. In
our case, we set constant the total number of iterations.
A detailed explanation of the algorithm can be found for
instance in [3].

The basic idea to start the parallelization consists on
assigning a sub-set of neurons, usnally known as subnet,
to each processor. Following this strategy the algorithm
is divided in the following tasks:

<1> Subnet output and winner data
<2> Global winner data
<3> Subnet weights’ update

These items must be executed simultaneously in each
processor and for each iteration. The communication
between processors occurs before starting task <2>,
since the winner data from the rest of subnets are
required to calculate the global winner. Task <2> is
global and it should be run in just one processor; after
that, another communication should take place in order
to reach the weights’ update. On the other hand, we
must bear in mind that the rest of processors should be
waiting for the results of task <2>, so it is better to
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replicate this task for all processors, saving the last
communication.

2.2. MLP training

The architecture of the neural network proposed is
shown in figure 4, with parameters L, M and N, The
size of input layer (L) must be 40 according to the SOM
output dimension. The output layer has 10 neurons, that
fire in response to a given input. Neuron "i" is labelled
as corresponding to digit "i",
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Figure 4: MLP architecture.

The number of hidden layer neurons M must be chosen
experimentally since there is no general criteria to fix it.
We have used M=20.

The MLP learning process is a well known algorithm,
explained exhaustively in [3][4], but briefly we
remember that the weights’ update depends on two

terms called training and momentum. The last one is ™

easy to calculate because it is proportional to the
difference between the current weight's value and the
previous one. However, the training term is more
complex since it comes from the application of the
gradient algorithm to optimise an error function.

The tasks decomposition can be formulated as the
following three nested loops:

FOR each epoch IN the experiment.
FOR each iteration IN one epoch.
<I>FOR each sample IN one iteration.
Computation of hidden layer output.
<2>FOR each sample IN one iteration.
Computation of output layer output.
<3> Weights update.
<4> Computation of hidden layer output with the last
weights update.
<5> Computation of output layer output with the last
weights update.
<6> Calculate maximum error, total error and
success ratio. Verify the final training condition.

The taxonomy of terms employed is:
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o sample is each input vector for the neural network;

e iferation is the set of samples that the system uses
for modifying the weights;

* ¢poch is the total number of samples that make up
an experiment.

In general terms, these concepts are related as:
{sample} < {iteration} < {epoch}

In the original error backpropagation algorithm [4],
each iteration spawns an entire epoch. Nevertheless, in
the literature, most simulations are made with one
sample iterations because this usually implies a
substantial decrease of CPU time on monoprocessor
systems. However, in our platform this fact could
increase the overhead due to interprocessor
communication and decrease the speedup. In practice
we have found, on a trial and error basis, that for this
particular problem the optimum size of one iteration is
equal to 4 samples.

Following the horizontal direction in figure 4, we will
obtain another subnet oriented parallelization. The
original idea consists on the network decomposition into
a number of subnets equal to the number of processors,
so that every processor will run the same tasks but
restricted to a particular subnet. With respect to the
previous pseudo-code, of the six simple tasks that the
algorithm can be divided, only the last one <6> should
be executed on a single transputer, since it is global, but
according to the explanation given in the previous
section, it will be replicated for all processors. Finally,
we bear in mind that, as a general rule, before switch to
the next task, a communication all fo all will take place.

3. EXPERIMENTAL RESULTS

In order to study the incidence of communication and
granularity in the global performance, several
experiments were made with different numbers of
processors. The chosen numbers are such that allow a
decomposition of the neural network into subnets of the
same size. More precisely, for the SOM case we use 1,
2, 4 and 5 transputers. The obtained results are shown
in the next table, where t; is the processing time of task
<1>, t;, is the communication time after task <I>
execution and t,5 is the processing time of tasks <2>
and <3>.

Procs. 1 2| 4 5
t 0,01490] 0,00746] 0,00373]| 0,00299
tye 0} 0,00002| 0,00007| 0,00009
tas 0,00092] 0,00105] 0,00104| 0,00103
Titera 0,01580{ 0,00853| 0,00484| 0,00411
Speedup 1 1,85 3,27 3,84
Efficiency | 100,00%| 92,74%| 81,69%| 76,88%
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We do not present the measured times for the first and
second epochs for which the neighbourhood radius is 2
and 1, respectively. Although the speedup is better for
these epochs, they represent less than 4% of the total
number of epochs.

The results obtained for the MLP training are given in
the following table, where t;, and t;, are the processing
and communication time of the ith task respectively.
Tepon is the time per epoch. Since the global task is an
iterative process based on entire epochs, the total time
can be obtained multiplying this time by the number of
epochs required.

Procs. 1 2 5 10
t1, 0,04218} 0,02106] 0,00845| 0,00422
tic 0 0,00032| 0,00045; 0,0007
t2, 0,00595| 0,00301| 0,00128 0,00064
tac 0| 0,00019] 0,00025| 0,00051
3 0,11104| 0,06035] 0,02394] 0,01152
ts. 0j 0,00064| 0,00083 0,00109
Ly 9,98646| 5,09382 2,03668| 1,04813
tae 0 0,04442( 0,05389| 0,06169
ts, 1,3929( 0,71309; 0,299939| 0,1591
ts. 0j 0,01133] 0,03277; 0,0439
top 0,17747) 0,17747] 0,17747| 0,17747
tse 0f 0,00058! 0,00237| 0,01667
Tepoch 43,39] 23,15 9,64 5,24
Speedup 1,00 1,87 4,50 8,28
Efficiency | 100,00%| 93,71%| 90,02%| 82,81%

4. CONCLUSIONS

We have implemented a system for isolated words
recognition, consisting on a combination of a Multilayer
Perceptron (MLP) and a Self-Organising Map of
Kohonen (SOM). The gain obtained with this hybrid
approach is significant since we managed to improve
the success ratio from an average of 93% (for MLP or
SOM alone) to 98% for the combined method. The
explanation for this derives from the fact that in the
MLP (or SOM) alone some information produced is
considered to be erroneous and discarded. In the
proposed systern an important part of this information is
retrieved successfully.

We carried out a parallel implementation of the system
on a multiprocessor machine with distributed memory
where the processors communicate through the
exchange of messages. In experiments both MLP and
SOM proved to be quite efficient although, as expected,
communication overtheads grow up as the number of
processors increase.

There are some differences between MLP and SOM
from the point of view of the parallel implementation, in
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spite of the parallel strategy being the same, that is
subnet division. The most relevant one relate to the
volume of data being communicated which is larger Yor
MLP. On the other hand, load-balancing is better in
MLP than in SOM; in this respect, the main difficulty
with SOM is that a certain task (weight’s update) can
not be distributed which leads to a poorer petformance.
Furthermore, there is also the need of replication of
another task among all the processors with the
consequent decrease in efficiency.
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